The escalating rate of obesity in the US highlights the importance of understanding the causes for this rise. In this paper I employ the First, Second, and Third National Health and Nutrition Examination Surveys to estimate a structural model of the determinants of adult obesity. To control for the potential endogeneity of some explanatory variables, such as caloric intake (adjusted for activity level) and smoking, a set of reduced form equations for these outcomes is estimated simultaneously with the obesity equation. To identify each equation, I use an array of state-level characteristics as instrumental variables. Trends in these variables shed light on the sources of the rapid increase in obesity since 1980.
I. Introduction
According to the National Health and Nutrition Examination Survey, the percentage of individuals classified as obese in the United States increased by 67 percent between 1971 and 1994, my period of analysis, with most of this increase occurring during the 1980s.
Obesity is the second most important cause of premature death (McGinnis and Foege, 1993; Allison et al., 1999) , a statement still supported by the Centers for Disease Control despite their recent downward correction to the death toll attributed to obesity (Mokdad et al., 2005) . While certain foods can influence hormones and genes, the increase in obesity probably does not reflect a change in the genetic make-up of the US, since the gene pool did not change significantly between 1990 and 1994 (Koplan and Dietz, 1999) .
The way our built environment looks is very different from the way it looked just over two decades ago, largely due to advancements in technology. This paper explores the idea that the recent rapid increase in obesity rates is due to economic changes that have in turn changed the amount that Americans eat, exercise, smoke, and do other things that affect their weight. These changes, while advantageous in numerous ways, have nevertheless had negative health consequences. In addition, since demographic characteristics and socioeconomic status influence overweight and obesity, I consider the effect of demographic changes on trends in obesity.
In order to study the determinants of a person's body mass index, which is most often used in measuring obesity, I employ pooled micro-level data from the First, Second, and Third National Health and Nutrition Examination Surveys. I augment these data using state-level data on the price of a restaurant meal, the cigarette tax, average January and July temperatures, and clean indoor air laws.
II. Background
Obesity and sedentary lifestyles are second only to smoking as the leading cause of premature death (McGinnis and Foege, 1993; Allison et al., 1999) . They have been linked to coronary heart disease, stroke, high blood pressure, cancers of the colon, breast and prostate, and diabetes (Must et al., 1999; Mokdad et al., 2003) . Obesity has also been associated with high cholesterol, menstrual irregularities, pregnancy complications, and psychological disorders such as depression (NIDDKD, 1996) . Type II diabetes, once termed adult-onset diabetes, is now not uncommon in children as a result of the obesity epidemic (Freedman et al., 1999) . Recently obesity in adulthood has been shown to reduce life expectancy, especially among persons overweight in their youth (Peeters et al., 2003; Fontaine et al., 2003) . Economic costs related to overweight and obesity were estimated to be $99.2 billion as of 1995 (Wolf and Colditz, 1998) , and more recently this estimate has risen to $117 billion (USDHHS, 2001) . This is especially a major concern for the public, as obesity-related illnesses have contributed to the overall growth in health care spending (Thorpe et al., 2004) . Social costs of obesity being higher than private costs are grounds for possible government intervention. 1 There has been much debate as to what constitutes a proper diet, and recently the USDA's Food Guide Pyramid was replaced with an alternative that stresses vitamin intake, the intake of whole wheat foods, and exercise, the so-called Healthy Eating Pyramid (McCullough et al., 2002; Willett, 2001) . Excess carbohydrates in the body have been shown to be converted to fat. Measurements of the glycemic index in the body, which measures the rate of carbohydrate absorption after a meal, has shed light on the importance of controlling the intake of carbohydrates as well as that of fat, a high glycemic index being what contributes to obesity (Ford and Liu, 2001; Ludwig, 2002) .
Since the carb-to-lipid ratio might not be so important, it seems to make more sense to focus on total caloric intake rather than, say, intake of calories from fat. However, there is still some potential concern about the origin of calories, that not all calories are the same.
Money spent on weight-loss drugs has largely contributed to increasing the costs of obesity, as drugs intended to reduce weight have become popular, with a rapid increase since 1990. Surgeries such as gastric bypass surgery are only recommended for the morbidly obese and have numerous surgical risks associated with them. In addition, patients undergoing surgery often do not achieve their desired weight and are put under lifelong medical surveillance (Livingston, 2002; Brolin, 2002) . More is being studied about genes and hormones that play a role in regulating body weight. Ghrelin, a hormone primarily produced in the stomach, increases food intake and is strongly responsible for why dieters often gain weight that they have lost (Cummings et al., 2002) . The body interprets dieting as starving, and increases its secretion of ghrelin, slowing down metabolism. Sure enough, severely elevated or lowered body weight is associated with offsetting metabolic processes that oppose the maintenance of an altered body weight (Leibel et al., 1995) . Low levels of leptin are also associated with obesity (Heymsfield et al., 1999) . Injecting obese subjects with leptin as a cure is being looked into. (NIDDKD, 1996) . While this is the case, it is the standard that the Centers for Disease Control use to track obesity over time and will be employed here.
Using the National Health Interview Survey (1976) (1977) (1978) (1979) (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) and the National
Longitudinal Survey of Youth (1982 Youth ( -1998 , Lakdawalla and Philipson (2002) show that an index of job strenuousness is inversely related to BMI. They suggest that changes in technology over time have been largely responsible for the increase in the obesity rate.
As their data contain only self-reported measures of weight and height rather than actual measures, they somewhat correct for this using a method employed by Cawley (1999) .
This method uses NHANES data, which contain both self-reported and actual measures of weight and height, to obtain age-, gender-, and race-specific corrections. This is also the method used by Chou et al. (2004) in their study using the Behavioral Risk Factor Surveillance System. Yet some have argued that even this correction does not completely eliminate error and, while better than no correction, is not a perfect substitute for actual measures (see, for example, Plankey et al., 1997) .
A number of other causes and consequences of obesity have been studied, such as the effect that the degree of urban sprawl has on weight outcomes (Ewing et al., 2003) . Cutler et al. (2003) present evidence suggesting that reductions in the time costs of preparing meals at home for certain groups in the population contribute to an increase in weight for those groups. Philipson (2001) points out that a shift in the American economy from agriculture to industry has been accompanied by innovations that economize on time spent in the household sector, such as convenience food for consumption. Cawley (1999) has presented evidence that caloric intake is addictive.
This is in line with findings that high-density fast food might indeed be addictive (Naik and Moore, 1996; Schlosser, 2001) . Fat consumption in the US has increased (Ippolito and Mathios, 1995; Frazeo, 1999) . Evidence has also been put forth suggested that obesity is associated with lower wages for women (Averett and Korenman, 1996; Cawley, 2004) .
Due to the importance of the obesity epidemic, there is a pressing need for answers as to why its increase has been so rapid, as well as what can be done in order to rectify or reverse this trend.
III. Analytical Framework
The model of this paper follows a similar reasoning and theoretical approach as that of Chou et al. (2004) . I go further in this paper in that I estimate instrumental variables models and focus on analyzing demographic determinants of obesity. Differences across gender are focused on, as differences in coefficients across gender are significant at the one percent level when tested. I briefly summarize the framework below.
Energy balance at time t (E t ) is defined as caloric intake (C t ) minus energy expenditure or activity (A t ):
The body mass index (BMI) is a function of the sum of energy balance in all periods, as well as a vector of variables (ε ) that are specific to an individual and reflect that individual's predisposition towards obesity:
If caloric intake and physical activity offset each other in each period, one would expect the individual to have a constant body weight. The vector of variables ( ε ) includes determinants such as education, age, state of residence, race, marital status, and income.
These variables can influence either the process by which a person converts caloric intake into caloric expenditure (via activity) or behavior, and thus affect a person's body mass and predisposition towards obesity. Demographic variables such as education, income, marital status, and state of residence are included to see the effects they potentially have on BMI and because there might be mismeasurement in the self-reported values of caloric intake and activity level that might be correlated with these variables (although I attempt to somewhat correct for possible mismeasurement in caloric intake using degree of mismeasurement in BMI). In addition, these demographic variables might be related to calorie composition, as not all calories are the same.
While no one desires to be obese, some people gain more utility out of consuming food than others. People combine the obtaining of goods and services in the market with their own time to achieve objects that enter their utility functions -such as health, entertainment, and the enjoyment of eating palatable food. Energy expenditure is measured by physical activity. The importance of activity is highlighted in a large literature (see, for example, Hill, 1997; Public Health Service, 2001; USDHHS, 2000) , and now the recommended regimen has been increased from half an hour of exercise three times a week to a full hour (USDHHS, 2000) . I expect smoking to be a negative function of BMI, as smoking has been used as a method of weight control (Philipson, 2001; Chou et al., 2004; Fehily et al., 1984; Tomeo et al., 1999) . A combination of federal and state tax hikes, clean indoor air laws forbidding smoking in designated areas, and the anti-smoking campaign have caused people to smoke less over time; this may be part of the reason for the increase in BMI over time.
IV. Empirical Implementation
In order to account for the potential endogeneity of caloric intake, activity level, and smoking, I estimate structural equations where the body mass index is the outcome of interest in addition to models where these variables are treated as exogenous. Whole sample means for the variables I use in my regressions are shown in Table 1 . Activityadjusted caloric intake (caloric intake taking activity level and thus calorie needs into account) and smoking, to be defined later, are functions of a vector of instruments Z, as well as exogenous variables X. Included in Z are state-level variables pertaining to the price of a restaurant meal, the cigarette tax, average January and July temperatures, and clean indoor air laws. I translate equation (2) into an empirical one by estimating the following:
Equation (3) represents the primary equation of interest, treating activity-adjusted caloric intake (AC) -to be defined shortly -and smoking (S) as exogenous right-hand side variables. Note that the empirical model focuses on current caloric intake, adjusted for physical activity, rather than accumulated energy balance over time. I also estimate structural equations, where AC and S are treated as endogenous variables and their predicted values are obtained after regressing them on all the exogenous variables.
Theoretically, since caloric intake, energy expenditure, and smoking are inputs in the production of body mass index, they should be treated as endogenous. The above equations are estimated independently by ordinary least squares (OLS) and by two-stage least squares (TSLS) for the whole sample as well as by gender. Results for BMI as the dependent variable for the whole sample, then separately for males and females, are shown in Table 2 . Results by race are shown in Table 3 .
The effectiveness of instrumental variables procedures crucially depends on the validity of the instruments. In order to test the validity of the exclusion restrictions (to ensure that the instruments significantly affect activity-adjusted caloric intake and smoking, but not BMI), I employ the overidentification test suggested by Davidson and MacKinnon (1993) . In this test, the residual of the TSLS model is regressed on all exogenous variables. The value of r-squared that results, when multiplied by the number of observations, follows a chi-square distribution with degrees of freedom equal to the degree of overidentification. The null is that the instruments are valid. In all cases the null hypothesis could not be rejected at the one percent level, suggesting that the instruments were valid. (Chi-squared values for overidentification tests are given in Tables 2 and 3 . The one percent chi-squared value for 10 degrees of freedom -twelve instruments minus two RHS endogenous variables -is 23.21. All chi-squared values are below this, indicating valid instruments.) I also check that the instruments are jointly significant in first-stage equations, and find that they are at the one percent level. (Fvalues and their corresponding significance levels are given in Table 4 , which shows first-stage results. First-stage results are not reported by race, yet F-values for the instruments by race are shown in Table 3 .) Durbin-Wu-Hausman tests for the consistency of the OLS models relative to the TSLS models reveal that the OLS models are consistent at the one percent level. (Significance levels for Durbin-Wu-Hausman tests are reported in Tables 2 and 3.) Micro-level data from confidential versions of the First, Second, and Third National Health and Nutrition Examination Surveys (NHANES I, II, and III, respectively) are used in this analysis. All three surveys are national samples of the population of the United States and were conducted by the National Center for Health Statistics; NHANES I between 1971 and 1975; NHANES II between 1976 and 1980; and NHANES III between 1988 and 1994 . Most states of the United States are represented in each survey. I focus in this paper on all adults 17 years of age and older, who typically control their caloric intake.
Each subject in the surveys received a detailed physical examination including measurement of height and weight. Caloric intake was computed from detailed food consumption during the previous 24 hours reported by the respondent. Since this is a self-reported variable, and likely to have similar under-and over-reporting as BMI, I adjust caloric intake by multiplying it by the ratio of actual to self-reported BMI. to choose up to four more types of exercise from a detailed list.) These activities were assigned intensity ratings according to a coding scheme developing by Ainsworth et al., (1993) ; intensity is measured as the ratio of metabolic rate when engaged in the activity to resting metabolic rate. Table 5 shows how increased intensity is correlated with a lower BMI. For the recreation portion of physical activity measurement, I therefore use the question, "In your usual day, aside from recreation, how active are you?" for NHANES I and II (answer choices are, again, very active, moderately active, and quite inactive) and create an analogous variable to the recreation variable in NHANES I and NHANES II by using activity intensity in NHANES III.
I use activity-adjusted caloric intake as caloric intake and activity are likely to be strongly correlated, and proceed as follows. If activity intensity is less than 50, the respondent is inactive in recreation; if between 50 and 149.9, moderately active; and if 150 or greater very active. Thus an alternative way to run the regression, rather than including caloric intake and activity level on the right-hand side, is to make use of the Harris-Benedict (1919) Extra Active: 1.9 (very active in both).
I thus divide caloric intake by the above numbers according to activity category in both recreation and work.
Harris-Benedict equations have largely been used in the medical literature to predict basal metabolic rate (BMR) for a person based on his or her age, weight, height, and gender. While they may overestimate BMR in obese people and possibly female anorectics, they are still the most commonly used equations for clinical and research purposes (Frankenfield et al., 1998; Kien and Ugrasbul, 2004; Marra et al., 2002) . The equations themselves are not used here but, rather, simply the activity multipliers are employed to obtain a measure of caloric intake that takes into account the individual's level of activity.
Caloric intake not only influences BMI but is also likely to be influenced by BMI, especially if caloric intake is habituating. For similar reasons as those for caloric intake, physical activity is also likely to be endogenous. I identify activity-adjusted caloric intake by using the state-level price of a restaurant meal, and average January and July temperatures. Frequency of fast food restaurant use has been shown to be associated with higher fat intake and greater body weight (French et al., 2000; Rolls and Hammer, 1995; Public Health Service, 2001) , as fast food restaurants serve especially large portions (Nielsen and Popkin 2003) . 1972, 1977, 1982, 1987, 1992, and 1997 . Fast food restaurants correspond to the Census category refreshment places while full service restaurants correspond to the Census category restaurants and lunchrooms. In 1997 this classification system changed; refreshment places were analogous to limited service restaurants, and restaurants and lunchrooms were analogous to full service restaurants. Since these categories did not exactly overlap, I use a correction based on national data that the Census collected in 1997 for both categories. Data for years not covered are linearly interpolated and extrapolated.
The restaurant price variable takes the average of the prices of the combination of fast food and full service restaurants, weighted by the number of restaurants in each category.
Outside temperature is likely to influence an individual's level of activity. Temperatures used pertain to the mean 1976 temperature in the state of residence. Information on January and July temperatures is from the 1998 Area Resource File.
Smoking, which tends to increase metabolism and suppress appetite, thus having a negative effect on BMI, is measured using a dichotomous indicator for whether or not the person is currently smoking. To account for the potential endogeneity of smoking, included among the instruments are cigarette taxes and clean indoor air laws. Higher cigarette taxes lead to lower cigarette consumption, while clean indoor air laws discourage smoking indoors (Tauras and Chaloupka, 1999; Ross et al., 2005; Chaloupka and Wechsler, 1997; Chaloupka and Saffer, 1992) . The cigarette tax is taken from the Tax Burden on Tobacco (Orzechowski and Walker, 2002) . Clean indoor air laws are taken from the Centers for Disease Control and Prevention website (http://www.cdc.gov).
The four indoor air laws pertain to government workplaces, private workplaces, restaurants, and other places.
Since structural models are difficult to estimate, caution should be taken with interpretation. Instruments, while passing tests for validity, might nevertheless be slightly weak. 5 In addition, since non-random measurement error is likely to exist in the self-reported, potentially endogenous variables, instrumental variables methods will not necessarily eliminate this bias. I estimate ordinary least squares models, where I treat activity-adjusted caloric intake and smoking as exogenous, in addition to two-stage least squares models. Table 2 shows results for the whole sample and separately by gender for BMI as the dependent variable. I see a consistent pattern in terms of the strong positive effect of caloric intake and the strong negative effect of smoking on BMI in ordinary least squares models. Older people, blacks, Hispanic females, and married males are more likely to have a higher BMI, while those with a college education, and females with a higher household income, are more likely to have a lower BMI. Although tests reveal OLS models to be consistent, two-stage least squares models show how the strong effects of caloric intake and smoking seem to disappear after controlling for their potential endogeneity, with the exception of caloric intake for females. This is notable, as it was the female who most frequently prepared meals at home, whereas now there is less time and energy available for activities such as food preparation. Increases in hours worked and declines in real wage rates have increased the demand for inexpensive, prepared food, which has increased caloric intake. At the same time, work has become more sedentary. Note also that, although caloric intake is positive but insignificant for males in TSLS regressions, marital status is significant for males (but not for females).
V. Results
With 69 percent of males in the sample married, this could be strongly correlated with caloric intake. In addition, household income is associated with a higher BMI for males (but a lower BMI for females); if males earn most of the household income, this effect could be partially capturing the more sedentary nature of higher-income jobs, as there is likely to be mismeasurement in self-reported activity. I also ran regressions where I only instrument for smoking using the cigarette tax and clean indoor air laws, and smoking consistently loses its effect on BMI when controlling for its endogeneity. This could be because smoking is correlated with other unhealthy behaviors, or because, if people are smoking to lose weight, then they might already be overweight to begin with. Two-stage least squares models reveal that behavior within the same period might not have a strong effect, as accumulation over time is not being accounted for. The cigarette tax has a consistently negative effect on smoking. A consistently negative and significant effect of indoor air laws in restaurants on caloric intake might be indicative of unhealthy behaviors being complementary, especially in social situations, while a positive and significant effect in private workplaces might suggest the substitutability of caloric intake for smoking.
VI. Discussion
Obesity is an escalating problem in the United States. Caloric intake, which is habituating, and lack of physical activity, or a sedentary lifestyle, are prime contributors to this epidemic. An unforeseen contributor is possibly the decrease in the percentage of people who smoke. 7 The ready availability of inexpensive restaurants has not only caused people to consume more, but has made them less active -less likely to prepare food at home or travel further distances to obtain a healthy meal. The decrease in food prices has allowed for the prevalence of restaurants and the availability of inexpensive junk food, thus facilitating increased caloric intake; man is conditioned to consume because, historically, this has been a means for survival.
Pooled data from NHANES, spanning the 1971-1994 time period, show caloric intake, activity level, and smoking to be important determinants of obesity. These determinants are not as important when using confidential versions of the data to merge state-level variables to account for the endogeneity of these determinants, indicating that accumulated behaviors over time and genetic factors might have a greater influence.
Reduced-form models reveal that the price of a restaurant meal and the cigarette tax have significant effects in determining obesity. I find that increases in caloric intake increase female BMI, and that education and income in general lower it; married men and men with higher incomes also tend to have a higher BMI. Increases in the availability of restaurants and lowered food prices contribute to the epidemic. Note: All regressions include state and year dummies. All regressions employ NHANES sample weights. Absolute values of t-ratios are reported in parentheses. Robust standard errors on which they are based allow for state clustering. *Significant at the 10% level, **Significant at the 5% level, ***Significant at the 1% level. Note: All regressions include state and year dummies. All regressions employ NHANES sample weights. Absolute values of t-ratios are reported in parentheses. Robust standard errors on which they are based allow for state clustering. *Significant at the 10% level, **Significant at the 5% level, ***Significant at the 1% level. Note: All regressions include state and year dummies, as well as controls for race/ethnicity, age, gender, education, and household income. All regressions employ NHANES sample weights. Absolute values of t-ratios are reported in parentheses. Robust standard errors on which they are based allow for state clustering. *Significant at the 10% level, **Significant at the 5% level, ***Significant at the 1% level. 
